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Quantitative Analysis of Coal Particle Flow by Laser Induced Breakdown

Spectroscopy Based on TrAdaBoost Algorithm
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ABSTRACT: In the laser induced breakdown spectroscopy
(LIBS) detection process of coal particle flow, the unstable
fluctuation of particle flow affects the stability of laser-material
interaction, which has a negative effect on the quantitative
analysis results. In this work, a quantitative analysis method for
coal particle flow by LIBS based on the TrAdaBoost algorithm
is proposed. The stable spectral data from the pressed pellet
coal samples are migrated during calibration modeling to
correct the fluctuation bias of the particle flow data. It can
improve the accuracy of the measurement of the coal particle
flow. By investigating the similarity of the spectral properties
in the coal pellet and particle flow, a regression prediction
model incorporating both data is developed. The results show
that the coefficients of determination of the volatile matter
content, calorific value, and ash content of coal quantification
analysis models using TrAdaBoost reach 0.996, 0.934, and
0.937, respectively, which are significantly improved compared
with the conventional prediction models for particle flow using
the PLSR algorithm. The measurements demonstrate that the
proposed transfer learning method has a promising prospect in

improving particle flow quantitative analysis of LIBS.
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Tablel Representative proximate analysis

index of the coal samples

BEA B/ R | BA HME/ R
KAy % K3 1%

75  (MI/Kg) 3% | F5 (MIKg) 531%
1 2362 21.18 28.60 23 2311 1505 28.03
2 2082 252 40.11 24 2202 2254 19.86
3 26.18 1344 2931 25 2279 2515 2037
4 2244 1716 2648 26 2286 1578 19.59
5 23.64 771 2856 27 2467 1791 2841
6 2258 2238 27.50 28 2438 1522 26.68
7 2322 1274 2882 29 2198 1942  24.60
8 257 2384 1061 30 2211 1565 2440
9 1724 42.64 1440 31 2242 1829 2677
10 2235 29.60 13.74 32 24495 2500 2541
11 2098 33.18 13.83 33 2180 153 27.90
12 2314 2792 1324 34 2431 101 3487
13 2167 3186 1137 35 20475 1829 19.72
14 2194 301 1488 36 2446 1888 2327
15 1944 3284 19.14 37 2239 299 2044
16 1876 39.46 1192 38 19.84  17.82  20.90
17 2138 2231 1559 39 2339 1691 2447
18 2252 1324 2258 40 2232 19.66 20.62
19 2447 1981 17.10 | 41 253 2552 1615

20 2159 2398 1580 | 42 23.64 1693 2332
21 2079 2992 1578 43 2396 21.18 28.60
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from laser interaction with coal pellet and particle flow

under different experimental conditions
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Table 2 Input training sets for regression model using

volatile content as an example
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Fig. 4 Effect of different amounts of spectral data from
particle flow samples introduced in training sets on the

prediction results of volatile matter content
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Table 3 Effect of different amounts of spectral data from
particle flow samples introduced in training sets on the

prediction results of calorific value and ash content

FRLIR X 32 PUETUNEE EOTNER
2 R RMSE/(MJ/kg) R RMSE/%
0 0.143 0.926 0.209 0.890
5 0.435 0.752 0.600 0.632
10 0.584 0.645 0.730 0.520
15 0.830 0.413 0.790 0.458
20 0.882 0.344 0.937 0.252
25 0.839 0.401 0.818 0.426
30 0.841 0.399 0.896 0.323
35 0.934 0.256 0.850 0.387
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Table 4 Volatile matter content prediction results

established under different algorithms
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TrAdaBoost 0.989 0.106
...  PLSR 0.900 0316

35 MR +30 MERLAE A
TrAdaBoost 0.995 0.072
i PLSR 0.926 0.272
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TrAdaBoost 0.996 0.066
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Fig. 5 Effect of different algorithms on the

prediction results of calorific and ash value
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Table 5 Optimal prediction results of

calorific value under two algorithms

. ZHAd/ PLSR TrAdaBoost
Fx (MI/kg) TIIME/(MI/kg) TRIAE/(MI/kg)
\%! 23.62 23.49 23.79
V2 25.70 23.89 25.05
V3 23.62 23.49 23.79
V4 20.98 20.51 22.07
V5 18.76 18.19 19.08
V6 22.86 23.8 23.03
V7 21.98 22.66 21.56
V8 22.39 22.26 22.47
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Table 6 Optimal prediction results of

ash value under two algorithms

PLSR TrAdaBoost
BA  ZEME% o .
TE /% TIE /%
A% 29.6 26.54 259
V2 32.84 32.15 32.27
V3 29.6 26.54 259
V4 22.31 18.08 22.38
V5 15.05 9.58 17.06
Vo6 7.63 9.85 8.91
V7 18.88 23.65 17.91
A% 16.93 21.62 19.05

i FATIR, T TrAdaBoost T % HEE
ST IT R RS PARAR T R TR 22, A RO i
K BRI ) 58 B IR
4 ZEig

AR HFET TrAdaBoost 1% FER B0k
LIBS & &Mk, SN FELRIT:

D BOGAE AR R OREiueE i 1) 61 B A
— 7 B AR S B M A O

2) RIEAFIRFEFE AR G35 & 18 HE 1 R
HHEIEN TrAdaBoost BVAERERIAIEIN, (RUEEE

A S R E 1

3) gt E AR AL, TrAdaboost 5%
W B A 53 TRUIAS RS (1) R 5 R A 7N 0.926 4
F 4 0.996, RMSE 9 AH Mt A 0.272% P A% 22
0.066%:;

4)TrAdaBoost LRSI AN LIBS SR FURL i
o W) ) S s I FH $ A T AT L o] S R b 3 g v

B35 3R
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In the Laser Induced Breakdown Spectroscopy
(LIBS) detection process of coal particle flow, the
unstable fluctuation of particle flow affects the stability
of laser-material interaction, which has a negative effect
on the quantitative analysis results. In this work, a LIBS
setup for coal particle flow and pellet detection (Fig. 1)
is established for the investigation on quantitative
detection optimization of particle flow.

Vibrating feeder

Laser

Particle flow
Pellet

X-Y-Z translation stage
DG535

Pellet
plasma

Particle flow
plasma

Spectrometer Computer

Fig. 1 LIBS experimental setup

The stable spectral data from the pressed pellet coal
samples are migrated during calibration modeling to
correct the fluctuation bias of the particle flow data. By
investigating the similarity of the spectral properties in the
coal pellet and particle flow, a regression prediction model
incorporating both data is built. In order to explore the
influence of the number of pellet and particle flow spectral
data input on the quantitative model, different amounts of
particle flow spectral data are added to the training set,
and the optimal value is obtained based on the quantitative
analysis results of volatile matter (Fig. 2).

To further verify the performance of the model, the
quantitative results of pulverized coal particle flow based
on TrAdaBoost transfer learning algorithm are used to
evaluate the effectiveness of the model. The results in
Table 1, 2 show that the coefficients of determination of
the calorific value and ash content of coal quantification
analysis models using TrAdaBoost reach 0.934 and 0.937,
respectively, which are significantly improved compared
with the conventional prediction models for particle flow
using the PLSR algorithm. The root mean square error
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Fig. 2 Effect of different amounts of spectral data
from particle flow samples introduced in training sets on
the prediction results of volatile matter content
(RMSE) is also lower from 0.412MlJ/kg to 0.256MJ/kg for
calorific value and from 0.487% to 0.252% for ash value.
The measurements demonstrate that the introduction of
TrAdaBoost algorithm can provide a feasible and reliable
measurement processing method for the practical

application of LIBS pulverized coal particle flow
detection.
Table 1 Optimal prediction results of
calorific value under two algorithms
Reference/ Predictive value(MJ/kg)
Samples
(MJ/kg) PLSR TrAdaBoost
\%! 23.62 23.49 23.79
V2 25.70 23.89 25.05
V3 23.62 23.49 23.79
V4 20.98 20.51 22.07
V5 18.76 18.19 19.08
\3 22.86 23.8 23.03
V7 21.98 22.66 21.56
V8 22.39 22.26 22.47
Table 2 Optimal prediction results of
ash value under two algorithms
Predictive value(wt.%)
Samples Reference/%
PLSR TrAdaBoost
Vi 29.6 26.54 259
V2 32.84 32.15 32.27
V3 29.6 26.54 259
V4 22.31 18.08 22.38
V5 15.05 9.58 17.06
V6 7.63 9.85 8.91
V7 18.88 23.65 17.91
V8 16.93 21.62 19.05




